Artifacts due to enhancement, reverberation, and multi-path reflection are commonly encountered in medical ultrasound imaging. These artifacts can adversely affect an automated image quantification algorithm or interfere with a physician's assessment of a radiological image. This paper proposes a soft wavelet thresholding method to replace regions adversely affected by these artifacts with the texture due to the underlying tissue(s), which were originally obscured. Our proposed method soft thresholds the wavelet coefficients of affected regions to estimate the reflectivity values caused by these artifacts. By subtracting the estimated reflectivity values of the artifacts from the original reflectivity values, estimates of artifact reduced reflectivity values are attained. The improvements of our proposed method are substantiated by an evaluation of Field II simulated, in vivo mouse and human heart B mode images.
3 path artifacts are greatly more obvious when viewing this data as a B mode movie where the artifacts are easily recognized as objects that do not move or only move very slightly and it is evident that the reverberation and multi-path artifacts are misplaced objects. Since showing every frame of even a short movie would be an inefficient use of space, only three frames of the human heart at various times during the systolic cycle are shown in Fig. 1 with some reverberation and multi-path artifacts highlighted with red "A"s. The approximate location of the ribs are marked by a red "Ribs". The transducer is located on the top of the image and the blood filled heart cavities are located below the ribs (distal to the ribs with reference to the transducer). Some of the bright objects scattered through out each image in Fig. 1 are enhancement artifacts due to muscle/tissue-blood interface and are not specifically labeled.
It is necessary to remove or at least reduce these artifacts. Removal or reduction of artifacts would reveal the underlying muscle(s)/tissue(s), which are obscured by these artifacts, to attain better images in which to assess the health of the myocardium, valves, or other cardiac muscle(s)/tissue(s). This would potentially enable a physician to better assess its health. The necessity of a robust method to reduce artifacts is emphasized by various techniques that have been proposed. Bylund et al. in [3] proposes removal of user specified reverberation artifacts by applying a conjointly well localized least squares optimized Wiener filter to the 3D (2D plus time) IQ data. Kling et al. in [4] proposes reverberation reduction by using a dual frequency subtraction technique. Artifact reduction via spatial compounding [5] , [6] , that is averaging independent images acquired from scans at different positions or angles, is used by the commercially available Philips SonoCT advance technology ultrasound system. These three approaches suffer the following problems. Although Wiener filtering is easily implement in software, it can amplify noise and introduce imaging artifacts like ringing. Dual frequency ultrasound require specialized hardware, which is beyond the capability of most ultrasound systems. Spatial compounding can degrade images by blurring and decrease resolution. Our propose method can be implemented in software, does not degrade the ultrasound image, and does not introduce imaging artifacts. This paper is organized in the following fashion. In section II the motivation for the use of a specialize discrete wavelet transform to perform the required subband decomposition is provided along with an overview of soft and hard wavelet thresholding and the preference of soft thresholding using Donoho's threshold [7] to achieve minimum mean squared error and minimum of maximum error optimality. In section III the signal model offered by Bjaerum and Torp [8] is adopted and a novel artifact reduction method is proposed. In section IV, quantitative and qualitative results using Field II [9] simulated images are provided. Also, a qualitative evaluation is given for in vivo ultrasound images of a human and a mouse heart. In section V our conclusion is stated.
II. BACKGROUND AND MOTIVATION FOR THE USE OF VARIOUS METHODS

A. The Discrete Wavelet Transform
Mallat's multiresolution wavelet transform [10] is a separable two dimensional (2D) subband decomposition of an image that allows perfect reconstruction. Although our proposed artifact reduction method strives to remove certain components of the original image, perfect reconstruction is still preferred since no visual information loss due to the transform is guaranteed. Our filter bank construction is motivated by the work of Havlicek and Bovik in [11] . The physio-psychological experimental evidence referenced in [11] suggests that biological vision systems are well represented by conjointly well spatial and frequency localized bank of Gabor filters where the number of channels is in the forties. Another key characterization of their Gabor filter bank construction is that the magnitude response of the filters becomes wider and their magnitudes decrease as the center horizontal and/or vertical frequencies increase. With these characterizations in mind we emulate the filter bank of Havlicek and Bovik used in [11] with a 2D forty channel well conjointly localized perfect reconstruction discrete wavelet transform (DWT) filter bank. The forty channel 2D DWT decomposition is shown in Fig. 2 . The evidence provided by Tay in [12] shows that the multi-level DWT filter bank is conjointly well localized when the Coifman quadrature mirror filter bank (Coiflet), which maximizes the number vanishing moment for a given support width [13] , is used. 
B. Hard and Soft Thresholding Methods
For signals corrupted by additive white Gaussian noise such as in equation (1), a typical denoising method to recover the noise free signal x(n) is to apply a hard or soft thresholding operator to the DWT coefficients. These methods are commonly referred to as wavelet shrinkage. The hard and soft thresholding operation are given in equations (2) and (3), resp. where w = DW T {y} and for some λ hard , λ sof t > 0. The noise free signal is reconstructed from the threshold wavelet coefficients y = IDW T { w} ≈ x where IDW T {·} means inverse DWT (IDWT).
The robustness of the wavelet shrinkage method is dependent on the choice of threshold(s). Some various methods and criteria to consider in choosing a global or level dependent hard or soft threshold(s)
based on a priori known or estimated noise statistics, signal length, mean squared error, and smoothness are described in [7] . In [7] , [14] , and [15] , the wavelet shrinkage denoising of the signal y(n) using hard or soft thresholding of the DWT coefficient with a global soft threshold value
or some variant of this threshold where σ is the standard deviation of the noise and N is length of the signal, is shown to be optimal or near optimal in the sense that the mean squared error is minimized (MMSE) or the maximum of the mean squared error is minimized (minimax). Additionally Donoho [14] claims that the reconstructed signal of the soft threshold wavelet shrinkage method is nearly as smooth as the original signal where the smoothness of the reconstructed signal was determined from a "wide range" of smoothness metric.
As a stringent motivation in our ultrasound artifact removal algorithm, we desire mean squared error optimality or at least near optimality in the sense of MMSE or minimax. To prevent processing artifacts such as unwarranted oscillations (ringing) or discontinuities, we adhere to the constraint that the reconstructed signal/image should be equivalently as smoothness as the original signal/image. We will take advantage of the work accomplished in [7] , [14] , and [15] by using the soft threshold wavelet shrinkage method with the threshold value similarly defined as in equation (4) in our proposed algorithm.
III. THE ARTIFACT REDUCTION METHOD
Bjaerum and Torp [8] relied on an additive model to remove clutter from the complex demodulated Doppler signal. Clutter in the context of their paper are objects that do not move or move slowly. The clutter would skew the velocity estimate of the blood. An accurate estimation of blood velocities necessitated the removal of these stationary or slow moving objects. In our application of artifact removal or reduction,
we require the artifact reflectivity values to be replaced with the reflectivity values of the obscured tissue or muscle. In modeling the acquired real valued digital RF data, we adopted a similar additive model.
The model of the RF reflectivity data that is acquired at the transducer, we model as the sum of three
where A(n, m) is the real value reflectivity due to the artifacts, T (n, m) is the reflectivity value due to the underlying muscle(s)/tissue(s) obscured by A(n, m). The real valued noise component η(n, m) is assumed to be white, zero mean and Gaussian distributed. It is safe to assume that the reflectivity values due to the artifacts and the reflectivity values due to the underlying muscle(s)/tissue(s) are independent in the statistical sense.
The images displayed on the monitors of most ultrasound systems are known as B (brightness) mode images. The data flow of the Siemens Sequoia ultrasound system we use to acquire data is shown in Fig. 3 . The RF data is the digitized return echoes captured by the receiver. The IQ data is the analytic representation of the RF data. After logarithmically compressing the envelop, i.e. magnitude of the IQ data, to some user defined dynamic range (dB), the data is contrast stretched to eight bits per pixel and display as the B mode image.
The process to convert RF data to IQ data, which include the beamforming process and other processes applied to the RF data post analog to digital conversion, is generally proprietary and indicated by the "Prop." box in Fig. 3 . The conversion process from RF to B mode varies with different ultrasound manufacturers. Some systems such as some Philips systems bypass the computation of the intermediate IQ data. In gist, the process begins with the real-valued RF data, which is the digitized filtered signal(s) acquired at the transducer. Subsequently, some beamforming algorithm is usually applied to the digitized real-valued RF data. The data is demodulated and axially downsampled to produce a base band complexvalued analytic signal, which is referred to as IQ data. From the viewpoint of communication theory and in an ideal situation, the information content of the IQ data is as robust as the RF data. The B mode data is the logarithmically compressed norm (envelop) of the interpolated, smoothed, and normalized IQ data within some dynamic range. The in vivo images shown in this paper uses a 50 dB dynamic range of the envelop.
Although the B mode data is used to produce a visually meaningful image for medical diagnosis, processing the RF data is better suited for our current application of removing various types artifacts. It is more advantageous to process the RF reflectivity data instead of the B mode data for the following reasons:
• The reflectivity values of the RF data encompass a greater dynamic range than the B mode data. Thus, samples that are affected by artifacts are greater in absolute value and more easily distinguishable.
• The axial sampling rate of RF data is generally higher than the B mode sampling rate. Thus, the axial resolution of the RF data is much finer (better) than that of the B mode data.
• The signal to noise ratio (SNR) of the RF data is greater than the SNR of the B mode data where SNR is meant as the ratio of the power due to the underlying muscle/tissue reflectivity values T (n, m) and the power due to white noise η(n, m). The reduction in SNR of the B mode data is due mostly the axial downsampling and to the log compression, which is necessary to render a image that is within the dynamic range of human vision.
• The optimal or near optimal requirements of the soft wavelet thresholding are that the reflectivity of the muscle or tissue components T (n, m) are Gaussian distributed.
From the additive model we propose in equation (5), if a sample is adversely affected by the artifact component, then the absolute value of the RF data of the artifact component is substantially greater than 
Applying a wavelet shrinkage algorithm to R and consequently removing T and η, we attain an estimate of the reflectivity values due only to the artifact A. More precisely, let W = DW T { R}, we apply a soft threshold operator to W
with threshold
where σ is the estimated standard deviation of T (n, m) + η(n, m) and N e R is the number samples where R(n, m) = 0. We empirically set σ to be one third the standard deviation of R. An estimate of the artifacts in equation (7) is determine as
An artifact free image R is attained by subtracting the estimated artifact values of equation (10) from the original RF data, that is
If the component T (n, m) + η(n, m) in the additive model given in equation (7) can be shown to be Gaussian distributed and independent, then using the soft threshold of equation (4), which is estimated in equations (9), would yield a MMSE and minimax optimal estimate of the artifact values A(n, m). The justification of T (n, m) + η(n, m) as a Gaussian distributed random variable relies on T (n, m) being a Gaussian random variable. We impose on the argument made by J. W. Goodman [16] , [17] , which is outlined in the appendix, to establish this optimality condition. The samples of the underlying tissue and noise T (n, m) + η(n, m) can only be assume to be uncorrelated when the white noise power is much greater than power due to the samples of the tissue T. Otherwise, correlation is obviously a function of spatial distance. Therefore, MMSE and minimax optimally as describe by Donoho et al. in [7] , [14] , and [15] is not claimed by our method. Nevertheless, we will use the MMSE and minimax optimal threshold prescribed by Donoho et al. and given in equation (9) as a reference to assess the robustness of our proposed artifact reduction algorithm. Admittingly, our method could be improve by choosing a more rigously tested soft threshold, which is specific to the ultrasound system, object(s) being imaged, and application(s). Also, a short fall of our proposed artifact reduction method is that bright objects that are not artifacts will be diminished using this proposed method.
IV. RESULTS
A. Field II Simulations
In Figs. 4 and 5 are B mode images of Field II simulated datasets and the results of the proposed artifact reducing algorithm on these two datasets. The data shown in Fig. 4(a) simulates artifact free homogeneous tissue. Fig. 4(b) show the B mode image of the data in Fig. 4(a) with five artifacts added.
The mean squared error (M SE) defined in equation (12) of the B mode image in Fig. 4(a) with the artifact free B mode image in Fig. 4(a) is 11.06.
Empirically choosing λ in equation (6) to be equal to six percent of the maximum of the absolute value of the RF data, the artifacts are isolated to produce R. The B mode image of the isolated artifacts are shown in Fig. 4(c) . The resulting B mode image of the proposed artifact reducing algorithm using a soft threshold set as defined in equation (9) is shown in Fig. 4(d) . It is observed that the five artifacts are hardly noticeable in Fig. 4 Fig. 5(c) . The resulting B mode image of our proposed algorithm is shown in Fig. 5(d) . The visual result of Fig. 5(d) are not as dramatic as in Fig. 4(d) , in which remnants of all five artifacts are clearly visible. Nonetheless, the MSE is again significantly reduced to 2.64, providing strong evidence that our proposed algorithm is robust in reducing artifacts while preserving the artifact free data.
B. In Vivo Mouse and Human Hearts
In Figs. 6, 7, and 8 the resulting B mode images due to the proposed artifact reduction algorithm are
shown. The images shown in Fig. 6(d range as Figs. 6(a), 7(a), 1(a), 1(b) and 1(c) , resp., so that an accurate representation of our results can be displayed. Although our processing is performed on the RF data, our end result is to improve the quality of the B mode image and we use this mode to display our results.
The B mode image in Figs. 6(a) , and 7(a) are images of short axis views of a mouse heart. The red capital "A" in these B mode images signifies the presence of an artifact and the red ellipse represents the approximate location of the muscle/tissue of interest. In Fig. 6(b) , and 7(b) are the B mode images denoted as R(n, m) and defined in equation (6) using λ = 1500 in each of the two mouse heart examples.
These images contain both prominent artifacts and obscured muscle(s)/tissue(s). The B mode images of the estimated artifact only reflectivity values A of equation (10) 2) The artifact regions have been replace by textures that are homogeneous with textures from neighboring regions that were not adversely affected by these artifacts.
3) Artifact free regions are not diminished by our proposed algorithm. V. CONCLUSION Enhancement, reverberation, and multi-path reflection artifacts are expected when ultrasonic sound waves are required to traverse through or around highly reflective objects such as bones or other various highly reflective interfaces. We present a soft wavelet thresholding method to replace these artifacts with a near MMSE and near minimax optimal estimate of the underlying tissue(s), which were obscured by these artifacts. We describe the compelling reasons that justify why our processing is performed to the RF data.
Using the resulting B mode data produced by the artifact removed/reduced RF data, we show that the regions adversely affected by artifacts are replaced with textures that are homogeneous with textures from surrounding regions not adversely affected by these artifacts. The experimental results presented show the robustness of the proposed artifact reduction algorithm. From the experiments with Field II simulated images and actual ultrasound images of an in vivo mouse heart and human heart, it was observed that (a) Artifact reduced version of Fig. 1(a) .
(b) Artifact reduced version of Fig. 1(b) .
(c) Artifact reduced version of Fig. 1(c) . our proposed artifact reduction algorithm decreased the M SE, preserved the fidelity of the artifact free regions, and avoided major processing artifacts like ringing and unwarranted discontinuities.
APPENDIX
We outline J. W. Goodman's argument from [16] and [17] to establish that the isolated reflectivity values due to the underlying tissue T (n, m) of equation (7) are Gaussian distributed. Goodman claims that the naturally and normally occuring phenomena of speckle is due to the "random roughness" of the 
where α i (n, m) and ϕ i (n, m) are independent with respect to the variable i ∈ Z and with each other.
The assumption of independence is in the sense that for fixed n, m, i ∈ Z, the conditional probability of α i (n, m) given ϕ i (n, m) is equal to the of the probability of a i (n, m) and likewise for the conditional probability of ϕ i (n, m) given a i (n, m) is equal to the probability of ϕ i (n, m). Since the reflectivity values detected at the transducer are modeled as an infinite sum of independent variables, the Central Limit Theorem implies that these values α(n, m)e jϕ(n,m) are Gaussian distributed. We adhere to this argument except that the real-valued underlying tissue RF values are modeled as
α i (n, m) cos(ϕ i (n, m)).
